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Abstract
Sobradinho reservoir has been suffering a severe water loss caused by multi-year drought in the Northeast
Brazil. This reservoir contributes to the socio-economic development of the semi-arid region, and the
monitoring of water shortage is crucial for people living in this climate-vulnerable region. In this study, we
evaluate the surface water change and turbidity variability of Sobradinho reservoir during recent drought years
(2013–2017). A time-series dataset was created using 109 Landsat-8 OLI images for mapping the water
extent in the reservoir. A non-linear regression between measured turbidity and surface reflectance (red band)
was developed and applied for turbidity retrievals. Additionally, we performed a long-term precipitation
analysis (17-year) to assess the rainfall deficit over the catchment area. Our results show that the annual
precipitation regimes are below the long-term average during 2012–2017 period, except 2013. We also found
that negative anomalies occur during 26 out of 36 months between 2014 and 2016, mostly in the rainy season.
Since the rainfall regimes and river discharges are the major drivers for water recharge, these drought years
have a critical impact on the reservoir level. According to our results, the water surface receded about 2073
km2 (out of total 3303 km2) during September 2017; this represents a reduction of 62.8% in the total water
extent. The surface water change is spatially distinct across the reservoir. For instance, the upper section of the
reservoir was almost totally dried during September 2017, and the water coverage was ~8% (91.25 km2 out of
1128 km2). Although other sections had a relatively low water change (reduction of ~40%), the losses are
significant in terms of area (~1035.5 km2). The receding of water extent affects the people living near to the
reservoir, and local communities are more distant from water (up to 13 km). We also observed that the
turbidity is seasonally dependent, and water clarity presents a strong variability between rainy and dry
seasons. In general, the turbidity levels vary from clear water (0–20 NTU) during the dry season to turbid
condition (>50 NTU) during the rainy season. A lack of access to clean and safe drinking water in some
periods might be harmful to humans, livestock and domestic animals. Finally, this research contributes to the
assessment of drought-related impacts in the Sobradinho, the largest reservoir in the Northeast Brazil. The
water shortage is a recurring concern in the semi-arid region, and the remote sensing techniques provide
spatially explicit information to enhance the livelihood resilience during drought years.
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Sobradinho reservoir has been suffering a severe water loss caused by multi-year drought in the 
Northeast Brazil. This reservoir contributes to the socio-economic development of the semi-arid region, 
and the monitoring of water shortage is crucial for people living in this climate-vulnerable region. In this 
study, we evaluate the surface water change and turbidity variability of Sobradinho reservoir during recent 
drought years (2013-2017). A time-series dataset was created using 109 Landsat-8 OLI images for mapping 
the water extent in the reservoir. A non-linear regression between measured turbidity and surface 
reflectance (red band) was developed and applied for turbidity retrievals. Additionally, we performed a 
long-term precipitation analysis (17-year) to assess the rainfall deficit over the catchment area. Our results 
show that the annual precipitation regimes are below the long-term average during 2012 – 2017 period, 
except 2013. We also found that negative anomalies occur during 26 out of 36 months between 2014 and 
2016, mostly in the rainy season. Since the rainfall regimes and river discharges are the major drivers for 
water recharge, these drought years have a critical impact on the reservoir level. According to our results, 
the water surface receded about 2,073 km² (out of total 3303 km²) during September 2017; this represents 
a reduction of 62.8 % in the total water extent. The surface water change is spatially distinct across the 
reservoir. For instance, the upper section of the reservoir was almost totally dried during September 2017, 
and the water coverage was ~ 8% (91.25 km2 out of 1128 km²). Although other sections had a relatively 
low water change (reduction of ~ 40%), the losses are significant in terms of area (~1,035.5 km²). The 
receding of water extent affects the people living near to the reservoir, and local communities are more 
distant from water (up to 13 km). We also observed that the turbidity is seasonally dependent, and water 
clarity presents a strong variability between rainy and dry seasons. In general, the turbidity levels vary from 
clear water (0 – 20 NTU) during the dry season to turbid condition (> 50 NTU) during the rainy season. A 
lack of access to clean and safe drinking water in some periods might be harmful to humans, livestock and 
domestic animals. Finally, this research contributes to the assessment of drought-related impacts in the 
Sobradinho, the largest reservoir in the Northeast Brazil. The water shortage is a recurring concern in the 
semi-arid region, and the remote sensing techniques provide spatially explicit information to enhance the 
livelihood resilience during drought years. 
 






 Sobradinho is the largest reservoir of Northeast Brazil (NEB) and contributes for the socio-
economic development of the semi-arid Brazilian region. This reservoir is part of the hydropower matrix 
(1,050 MW) and regulates seasonal flow regime of the Sao Francisco River (Braga et al., 2012). Recently, 
the critical water level of Sobradinho has been widely reported in the media: net storage volume was lower 
than 7.0% in September 2017 (ANA, 2017). The water shortage in the region affects the food production, 
agricultural irrigation, and drinking water for humans and animals (Gutiérrez et al., 2014; Martins et al., 
2015; Ioris, 2001). The Brazilian semi-arid has been experiencing severe multi-year droughts, starting in 
2010 and become more intense in the record-warming in 2015 (Marengo et al., 2017a; Marengo et al., 
2017b; Rodrigues and McPhaden, 2014). Although previous droughts have affected the rainfall regimes 
across the NEB (e.g. 1982-1983, 1992-1993; 1997-1998; 2001-2002; 2010 (Marengo et al., 2017b)), this 
current drought seems to be worst in terms of water deficit and its impact on society. 
 The hydrodynamic of Sobradinho is mostly driven by the river discharges and regional 
precipitation over catchment area. In the summer season, the high rainfall regimes are responsible for 
increasing the reservoir level after 4 to 5 months upon relatively dry weather (low or no rainfall). The 
reservoir operation is also relevant for flood-control volume and safety margin level, assuring the multiple 
uses of water during extended dry periods (Braga et al., 2012). In the semi-arid context, Sobradinho 
becomes highly sensitive to climate variations; extreme droughts may reduce the river discharge and high 
temperatures increase the evaporation rates (Pereira et al., 2009). Several studies have shown the 
relationship between droughts in the NEB and sea surface temperature (SST) anomalies in the tropical 
Pacific and Atlantic Oceans (Hastenrath, 2006; Hounsou-Gbo et al., 2016; Rao et al., 1996). For instance, 
El Niño-Southern Oscillation (ENSO) over the Pacific Ocean has a strong influence on the inter-annual 
variability of NEB rainfall; warm phase (El Niño) often causes an atypical rainfall deficit (Ambrizzi et al., 
2004; Rodrigues et al., 2011; Shimizu et al., 2017). Nonetheless, ENSO-related phases explain only part of 
the regional precipitation anomalies. This climate variability can also be related to the intertropical Atlantic 
SST gradients and the displacement of Inter-Tropical Convergence Zone (ITCZ) (Chiang et al., 2001), 
changing the magnitude and period of the rainy season (Nobre and Shukla, 1996). The precipitation deficit 
and higher air temperatures during droughts lead an unparalleled water shortage in the semi-arid NEB 
(Marengo et al., 2017b), and the recent episodes have been threatening multiple uses of the 
Sobradinho reservoir. 
Remote sensing has a unique advantage of continuous and effective mapping of inland water from 
space (Gao et al., 2012; Gholizadeh et al., 2016; Klein et al., 2017). The Operational Land Imager (OLI) 
on board Landsat 8 supports the mapping of water bodies (Mueller et al., 2016; Verpoorter et al., 2014) and 
their constituents (Gerace et al., 2013; Brezonik et al., 2012; Olmanson et al., 2016). Particularly, water 
extent mapping is used to quantify the seasonal dynamic of lakes and rivers (Pekel et al., 2016; Shi and 
Wang, 2015). For instance, Sheng et al. (2016) developed a multi-temporal approach (LakeTime) for 
mapping the Australian lakes using Landsat ETM+ and OLI data. Likewise, Tulbure et al. (2016) 
emphasized the potential of spectral indices to characterize the surface water pixels using the Landsat 
dataset. A variety of studies have classified the water pixels by using histogram thresholds on the spectral 
indices, such as the normalized difference water index (NDWI) (McFeeters, 1996), and the modified NDWI 
(MNDWI) (Xu, 2006). Although empirical thresholds can be adjusted image by image, Fisher et al. (2016) 
emphasized that a single global threshold is possible when the surface reflectance (SR) data are used in the 
multi-temporal analysis. The same benefit in the water mapping was reported by Feyisa et al. (2014). In 
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addition, SR data are required for most quantitative analysis, such as modeling of the optically active 
constituents (see references in Odermatt et al., 2012). 
There are few scientific studies using satellite remote sensing data to measure the water extent of 
Sobradinho. For instance, Taveres-Junior et al. (2018) evaluated the application of Landsat-5 TM and 
digital elevation models for edge detection of the reservoir. Recently, Azevedo et al. (2018) reported the 
variability of water extent during drought years (2011, 2015 and 2016), but this analysis was limited to only 
two months (June and October). Due to the relevance of this reservoir for the social and economic 
development of the semi-arid region, further analysis is still required in the Sobradinho. This paper aims to 
evaluate the surface water change and turbidity variability of the Sobradinho reservoir during recent drought 
years. The Landsat-8 data were acquired and processed for water mapping and turbidity retrievals between 
June/2013 and September/2017. The non-linear empirical regression was adjusted to estimate the turbidity 
levels across the reservoir. Moreover, we provide a long-term analysis of the precipitation data to discuss 
the rainfall deficit over the catchment area. This research contributes to the comprehensive assessment of 
drought-related effects on the largest reservoir of Northeast Brazil. The competing demands for water in 
this region impose a further concern about the impacts of water shortage on the people living near to the 
reservoir. 
 
2.  Study area 
 
The study area is Sobradinho reservoir located in the Northeast Brazil, spanning 9°08’S to 10°06’S 
in latitude and 42°20′ W to 40°48’W in longitude (Figure 1). The dam reservoir was designed by the São 
Francisco River Hydropower Company (CHESF), and the reservoir has a potential volume of 34.1 billion 
cubic meters and potential area of ~ 4,200 km2 at the maximum operating level (Braga et al., 2012). By 
interrupting the natural flow of São Francisco River, the peak level of the reservoir occurs at the end of 
rainy season (March to May), hereafter called “high water”, while the minimum level is typically observed 
at the end of dry season (September to November), hereafter called “low water”. The São Francisco River 
is the largest river crossing the NEB, with a length of ~2,700 km and catchment area of 638,324 km2 (7.53% 
of Brazil). This river is known as “river of national integration” because its drainage basin includes more 
than 500 cities, and flows northward across the states of Minas Gerais and Bahia. The climate of the region 
is characterized as semi-arid, with low and irregular precipitation. The rainy season occurs mostly during 






Figure 1. Location of the Sobradinho reservoir in the Northeast Brazil. In the top-right, the hydrograph 
represents the volume and discharges of the reservoir (source: http://sar.ana.gov.br/Home). The monitoring 
window indicates the critical net volume of the reservoir from June/2013 to September/2017. The asterisk 
(*) shows the acquisition date for the high-water reference used in this study. The location of turbidity 
sampling is illustrated by red dots. 
 
3. Material and Methods 
 
Figure 2 illustrates the main steps of image processing: (i) acquisition of 109 Landsat-8 images; (ii) 
conversion from digital number to surface reflectance; (iii) water extent mapping and turbidity calculation; 




Figure 2. Flowchart of image processing applied in this study. 
 
3.1. Landsat-8 data 
 
 The Operational Land Imager (OLI) sensor on board of Landsat 8 provides multispectral bands 
from visible to shortwave infrared (SWIR), swath width of 185 km, 12-bit radiometric and 30 m spatial 
resolution (Table 1). In this study, a total of 109 images were acquired within the monitoring window (June 
2013 and September 2017) from two Landsat scenes. We selected 96 Landsat imagery upon low cloud 
cover (< 10%) and 13 images with 10 - 25% of cloud cover. Due to large extension of the Sobradinho (~191 
km), two scenes were required to represent the whole reservoir area. This poses a challenge to provide a 
consistent measure of the total area across the time. In order to solve it, the reservoir was partitioned into 
three sections (Figure 1): Landsat scene 1 (path 218/row 067) covers the upper and middle sections, while 
the scene 2 (path 217/row 067) comprises the lower section. Although the results are presented for each 
section, the total area can be properly estimated. Figure 3 shows the acquisition date for these Landsat 
scenes over time. The Landsat-8 Collection 1 Level-1T processed scenes were downloaded from USGS 
Earth Explorer website (http://earthexplorer.usgs.gov). The cloud and cloud shadow pixels were extracted 
from Quality Assurance (QA) band. The rescaling coefficients and solar angles were obtained from MTL 
metadata file and top-of-atmosphere (TOA) reflectance, 𝜌𝜌𝑇𝑇𝑇𝑇𝑇𝑇, were computed from digital numbers, DN: 
 
Lλi








  (2) 
 
where ρλi
TOA stands for the unitless TOA reflectance (apparent reflectance, e.g. Tanré et al., 1979) for spectral 
band 𝜆𝜆𝑖𝑖 band, L𝜆𝜆𝑖𝑖
𝑇𝑇𝑇𝑇𝑇𝑇 [W/m2 sr µm] is the TOA radiance for the same wavelength, 𝐺𝐺𝐿𝐿 is the multiplicative 
factor [gain], 𝐵𝐵𝐿𝐿 is the additive factor [offset] values provided in Level-1 Product Generation System 
(LPGS) metadata, d is the astronomical earth-sun distance [AU], Eλi
SUNis the exoatmospheric solar 




Table 1. Spectral bands of OLI sensor onboard Landsat-8 satellite (Barsi et al., 2011). 




  (nm)   (W m-2 sr-1 µm-1)   (W m-2 µm-1) 
B1 (Deep blue) 433-453 443 40 232 1895.6 
B2 (Blue) 450-515 483 40 355 2004.6 
B3 (Green) 525-600 561 30 296 1820.7 
B4 (Red) 630-680 655 22 222 1549.4 
B5 (NIR) 845-885 865 14 199 951.2 
B6 (SWIR 1) 1560-1660 1609 4 261 247.6 
B7 (SWIR 2) 2100-2300 2201 1,7 326 85.5 
B8 (PAN) 500-680 591 23 146 1724.0 
B9 (Cirrus) 1360-1390 1373 6 162 367.0 
 
 
Figure 3. List of selected Landsat-8 OLI images for this study. 
 
3.2. Atmospheric correction and evaluation 
  
The atmospheric correction is a prerequisite procedure for quantitative applications using remote 
sensing data. This correction minimizes the scattering and absorption effects caused by atmospheric 
constituents (Kaufman et al., 1997; Doxani et al., 2018). Among the available RT codes, Second Simulation 
of the Satellite Signal in the Solar Spectrum (6SV) is a well-recognized model that provides a theoretical 
framework for computing the propagation of solar radiation in the atmosphere (Vermote et al., 1997; 
Kotchenova et al., 2006). In this study, we developed a MODIS-based 6SV atmospheric correction 
approach for Landsat-8 OLI images, hereafter OLI-6S. This approach was previously presented in the 
Martins et al. (2017a; 2018); other similar approaches are also found in the literature, such as Ju et al. (2012) 
and Ke et al. (2015). In general, this approach relies on the input parameters for radiative transfer 6SV 
model, such as (i) aerosol optical depth (AOD), (ii) columnar water vapor (CWV) and ozone content (O3), 
(iii) atmospheric pressure; and (iv) sun-view geometries. The MODIS atmospheric products derived from 
Multi-Angle Atmospheric Correction (MAIAC) algorithm were used in this study. The description of these 
atmospheric products is available in the Lyapustin et al. (2018), and regional validation of MAIAC AOD 
and CWV retrievals is presented by Martins et al. (2017b). The average AOD and CWV retrievals were 
derived from MODIS-MAIAC Aqua product within 15 km buffer around the reservoir. The columnar O3 
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data was extracted from MOD08 Daily Level-3 (0.25° × 0.25° grid), and atmospheric pressure was 
calculated internally from SRTM 30-m digital elevation model (https://lta.cr.usgs.gov/SRTM1Arc). The 
continental or biomass burning aerosol models were selected according to the monthly aerosol mixture 
defined by Taylor et al. (2015).  Finally, sun angles were obtained from Landsat metadata, and an arbitrary 
3.2° view zenith was applied (half way from nadir to OLI swath edge). 
The surface reflectance is then computed from TOA reflectance based on this MODIS-based 
atmospheric correction method (Martins et al., 2017a; 2018). In addition, the adjacency effects distort the 
measured radiance from the actual water target, especially in the transition areas (reservoir borders), and it 
needs to be corrected. Equation 3 is a simple approach to account for photos coming directly from the target 







* - 〈ρ〉�  (3) 
where ρsr is the surface reflectance corrected by adjacency effects; surface reflectance before adjacent 
correction (𝜌𝜌𝑠𝑠𝑠𝑠∗ ); e-τ μv⁄  and td
↑ are the direct and diffuse transmittances from the target to the sensor, 
respectively; τ is the atmospheric optical depth; μv is the cosine of sensor view zenith; θv is the view zenith 
angle; 〈ρ〉 is the weighted-average of the adjacent pixels within ~ 1 km grid (33 x 33 Landsat pixels). The 
adjacency correction applied in this paper is fully described in Appendix A. 
The relative assessment of the presented method was performed using the SR product from 
ACOLITE processor (version 2017.07.18). In overall, this alternative assessment is a common exercise and 
effective way to evaluate the atmospherically corrected products (Doxani et al., 2018). The ACOLITE is 
an image-based algorithm developed by Royal Belgian Institute of Natural Sciences (RBINS). This 
algorithm applies the NIR or/and SWIR bands to estimate the aerosol reflectance over water pixels 
(Vanhellemont and Ruddick, 2014, 2015). We used the ACOLITE algorithm using the following settings: 
(i) air pressure: 968.03 hPa; (ii) smooth window: 36 pixels; (iii) aerosol retrieval: SWIR approach; (iv) 
epsilon variable per pixel; and (v) none calibration coefficients. For more details, the description of model 
parameters is presented in the official manual (https://odnature.naturalsciences.be/). 
 
3.3. Water extent mapping 
 
The water extent mapping was successfully conducted with a simple global threshold on the two 
spectral indices: MNDWI = (ρGREEN – ρSWIR1)/(ρGREEN + ρSWIR1) and NDVI = (ρNIR – ρRED)/(ρNIR + ρRED). An 
iterative procedure was performed to evaluate the application of these metrics and others, such as AWEI 
(Feyisa et al., 2014), single spectral bands, and NDWI. However, after all tests, we observed that these two 
indices (NDVI and MNDWI) were sufficient to maximize the separability of water and non-water pixels in 
Sobradinho. Likewise, Tulbure et al. (2016) showed that MNDWI is the most explanatory variable used in 
the random forest model to map surface water dynamics. These two indices were computed by applying 
the processed SR data, and then, the pixels were classified as water if the MNDWI > 0 and NDVI < 0. This 
appropriate threshold value (zero) was determined based on the preliminary assessment over five land-
cover categories, i.e. clear water, turbid water, vegetation, soil/sand and urban surfaces. Each category has 
500 samples from Landsat-8 images during the rainy (December 30, 2013) and dry season (June 25, 2014). 
The sampling points were properly distributed across land and water targets. Figure 4 shows that these 




The assessment of proposed classification was performed using Sentinel-2A MSI data from wet 
(granule_date: T23LRK_20151129, T24LTQ_20151226, T23LRK_20160407) and dry season 
(T23LRK_20160904, T23LRK_20170721, T24LTQ_20170728). These images are near-concomitant to 
six Landsat images used in the water classification. The total of 2330 and 2477 random samples were 
distributed on Sentinel-2A images from wet and dry season, respectively. These samples were manually 
classified based on visual interpretation as water or non-water pixels, and then, confusion matrix was 
computed for each season comparing our water classification with these “truth” samples. It should be 
mentioned that many samples were located in the transition zone where the misclassification is expected. 
The overall accuracy was high (96.9%), and quite similar between wet (96.69%) and dry (97.09%). These 
results are consistent with other mapping water extent (Feyisa et al., 2014). In addition, figure 5 illustrates 
the water classification in July 2017, and the visual inspection suggested that this single threshold is 
appropriate for this water mapping. Other studies have also explored this optimum single threshold (Xu, 
2006; Kaptué et al., 2013; Ji et al., 2009). 
The proposed approach enables an effective and fast mapping of water extent in the Sobradinho 
reservoir. These two-channel indices are the widely used metrics in remote sensing applications, which 
makes it easy to replicate in other studies; no training dataset or machine learning algorithms are required. 
We also suggest that SR data should be used in the multi-temporal analysis. While some studies claim the 
application of TOA reflectance rather than SR values (e.g. Tulbure et al., 2016), the optimum threshold 
might vary depending on the atmospheric conditions from one image to another. The benefits of the SR 
data in water mapping were assessed and confirmed by previous studies (Feyisa et al., 2014; Fisher et al., 
2016). Finally, the results are presented for three classes: (i) water, (ii) land, and (iii) cloud/shadow pixels. 
The high-water reference mapping (total area of 3,303 km2) was derived from cloud-free Landsat-5 TM 
(LT5_218067_2007125 and LT5_217067_2007118). The true color images show no bottom effects; it was 
in principle not considered an issue. 
 
Figure 4. Difference of modified normalized difference water index (MNDWI) and normalized difference 
vegetation index (NDVI) across the land and water targets. The dashed red line determines the single 





Figure 5. Example of the water extent mapping in a different context: (i) water loss; (ii) mixed area; (iii) 
land-water transition; (iv) small cloud; and (v) small tributaries. The panel (c) represents a histogram 
distribution of NDVI and MNDWI values in this image. 
 
3.4. Turbidity calculations 
 
The impacts of sediment trapping by dams includes the loss of storage capacity and siltation problems 
for the fish community, drinking water and recreation activities (Kjelland et al., 2015; Kondolf et al., 2014). 
Turbidity is an optical measurement often applied as a proxy for water transparency and suspended particle 
in the water column (Kallio et al., 2008; Matthews, 2011, Chen et al., 2007). Several studies have been 
exploring the correlation between turbidity/suspended particle and water reflectance (Matthews, 2011; 
Volte et al., 2011; Doxaran et al., 2002; Nechad et al., 2010). The shape and magnitude of water-leaving 
reflectance are driven by concentration and composition of optically active constituents, and its inherent 
optical properties (IOPs), such as scattering, absorption, and volume of scattering function (Kirk, 2011; 
Mobley, 1999; Preisendorfer, 1976). Since the magnitude of water reflectance increases, between 630 and 
680 nm, as increases suspended particle concentration (Curran and Novo, 1988; Chen et al. 1992), this 
spectral information can be used for algorithm development in the sediment analysis (Binding et al., 2005; 
Chen et al., 2007; Lobo et al., 2016). A single-band empirical algorithm was adjusted between surface 
reflectance at the red band (655 nm) and measured turbidity data. 
The turbidity dataset used in this study was acquired by CHESF across sampling sites (Figure 1). The 
CHESF is responsible for routine monitoring of the water parameters, such as turbidity, pH, salinity, and 
temperature (CHESF, 2017). The water samples were collected on sub-surface (depth 0.5 m) using a Van 
Dorn bottle, and the turbidity levels were derived by following standard method SMEWW 2130B (APHA 
et al., 2005). The turbidity values range from 0.4 to 156.9 NTU, with an average and standard deviation of 
30.6 NTU and 39.94 NTU, respectively. We used only turbidity measurements collected within ± 3 days 
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from image acquisition (Table 2). The algal concentration in the reservoir is low/negligible, chlorophyll-a 
lower than 1.3 µg/L. We discarded any measurement over cloud, cirrus or smoke pixels. 
 
Table 2. Sampling turbidity dates and Landsat dataset. 
Sampling dates Number samples 
Landsat image 
date Path/row 
Time window  
(up to n days) 
Reservoir level 
(m) 
2014-Aug-05/06 3 2014-Aug-05 217/067 1 387.46 
2014-Aug-26/27 4 2014-Aug-28 218/067 2 386.93 
2015-Apr-05 1 2015-Apr-02 217/067 3 384.46 
2015-Apr-07/12 3 2015-Apr-09 218/067 3 384.55 
2015-July-11/12/13 5 2015-July-14 218/067 3 384.32 
2015-Oct-03 1 2015-Oct-02 218/067 1 382.26 
2015-Oct-08/09 3 2015-Oct-11 217/067 3 382.16 
2016-Mar-25/26/27 4 2016-Mar-26 218/067 2 386.34 
2016-Sep-17/18/19 5 2016-Sep-18 218/067 1 383.13 
 
3.5. TRMM Precipitation 
 
Tropical Rainfall Measuring Mission (TRMM) delivers quasi-global precipitation from remote 
observations of multiple precipitation-related sensors (Huffman et al., 2007). In this study, monthly rainfall 
data were calculated from the standard TRMM-3B32 V7 product to explore the rainfall patterns over the 
catchment area. The TRMM data were downloaded from 2000 to 2017 at the official website 
(ftp://trmmopen.gsfc.nasa.gov/pub/trmmdata). This product provides the 3-hour rain rate (mm/hr) at 
0.25º×0.25º lat/lon, and we converted these values to daily cumulative rainfall. Then, a monthly cumulative 
rainfall (mm) was computed on a pixel-by-pixel basis. The standardized precipitation anomalies (Δδ) were 




µmonth,year −  〈µmonth〉2000-2017
〈σmonth〉2000-2017
   
  (4) 
Where 〈µmonth〉2000 - 2017 is the monthly average precipitation and 〈σmonth〉2000 - 2017 is the standard 
deviation from reference period 2000 - 2017. 
 
4. Results 
4.1. Relative assessment of Landsat SR (OLI-6S versus ACOLITE product) 
 
Figure 6 presents a relative assessment of surface reflectance values from OLI-6S (this study) and 
ACOLITE processor. This assessment is an alternative way to ensure that the proposed method is 
consistently comparable with other existing approaches. In general, these products show a fair comparison 
in the visible and near-infrared bands, with a correlation coefficient (R) ranging from 0.54 to 0.98, and root-
mean-square-error (RMSE) lower than 0.007. The surface reflectance was quite similar for green (B3) and 
red (B4) bands, with R of 0.961 and 0.98, respectively. Particularly, band 4 (665 nm) shows the slope 
regression close to unity (~ 0.94) and bias lower than 0.004. In contrast, our approach presents a positive 
bias in the Deep Blue (B1) and NIR (B5) bands, with values of 0.01 and 0.009, respectively. The low water 
reflectance and high aerosol scattering at short wavelengths could explain the discrepancies between these 
approaches (RT vs Image-based). In addition, ACOLITE does not account for absorption of water vapor 
11 
 
which might introduce a small bias in the NIR reflectance. Finally, the shape and magnitude were consistent 
with typical water spectrum in both products, and we confirmed that the MODIS-based atmospheric 
correction method is an alternative approach for parameterization of RT models if the in-situ atmospheric 
data are not available in the region. 
 
 
Figure 6. Comparison of surface reflectance between OLI-6S and ACOLITE products across the reservoir. 
 
4.2. Regional precipitation and drought years 
 
Figure 7 shows the time series of precipitation anomalies (Δδ), cumulative monthly precipitation, 
and relationship between monthly rainfall and river discharge. Figure 7a shows the seasonal and inter-
annual variability of Δδ values: extreme values represent drought (negative) and flood (positive) conditions. 
We observed that the oscillation of Δδ values presents no particular trend until 2010, and then, the negative 
anomalies become more frequently observed in the 2010 – 2017 period. While the negative rainfall 
anomalies were observed for 20 months (out of 36) from 2008 to 2010, these negative values become more 
persistent in the 2014-2016 period (26 out of 36 months). In this analysis, the long-term annual precipitation 
is about 1,020 mm over catchment basin. However, during 2012 – 2017 period, the cumulative rainfall was 
lower than 960 mm, expect for 2013 (Table 3). In addition, the rainfall deficit was mostly observed in the 
rainy season. The cumulative precipitation was below the long-term average during December 2014 (-
31.2%), 2015 (-55.3%), and 2016 (-39.4%). Figure 7c shows the relationship between monthly rainfall and 
river discharge for different time lags (0, +1 and +2 months). The strongest correlation between them occurs 
in the time lag of 1 month (R: 0.815). There results confirm the previous notion that rainfall regime has a 
significant impact on the reservoir recharge, and consequently, these drought years will lead the reduction 
of river discharge entering in the reservoir. 
Figure 8 shows the monthly and seasonal precipitation for two periods: 2000-2009 (T1) and 2010-
2017 (T2). The rainy season typically occurs from November to March, and average precipitation ranges 
from 100 to 150 mm. In addition, the peak rainfall regimes were observed in the upper SFRB (150 - 250 
mm). It should be noted that ~ 80% of annual precipitation occurs in the rainy season; few storms are 
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expected during the dry season. The rainfall regime decreases rapidly at the end of summer and remains 
considerably low from May to September (< 50 mm). Figure 8c shows the difference between T2 and T1 
periods, called “delta”. The highest difference these periods were observed in the summer season, with 
delta values lower than -40 mm. 
 
 
Figure 7. Precipitation analysis over the catchment area: (a) monthly precipitation anomalies (Δδ), (b) 
monthly cumulative precipitation, (c) relationship between monthly rainfall and river discharge for 
different time lags. 
 
Table 3. Annual cumulative precipitation and annual anomalies over catchment area. 
Year 2000 2001 2002 2003 2004 2005 2006 2007 2008 
Cumulative (mm) 1202.9 836.2 1024.2 873.9 1236.1 1277.8 1239.3 820.6 1138.9 
Anomalies 0.82 -0.89 -0.01 -0.71 0.97 1.17 0.99 -0.96 0.52 
Year 2009 2010 2011 2012 2013 2014 2015 2016 2017 
Cum. Prec. (mm) 1238.2 1024.1 1190.2 748.2 1382.1 780.8 748.7 960.0 766.82 





Figure 8. Spatial distribution of seasonal precipitation from two periods: (a) 2000-2009 and (b) 2010-2017. 
The negative values in the panel (c) represent the rainfall deficit comparing these two periods. 
 
4.3. Surface water change in the Sobradinho reservoir (2013-2017) 
 
Figure 9 shows the time series of water extent for each reservoir section. As mentioned earlier, the 
results are presented for sections in order to maintain the consistent measure of water coverage from two 
Landsat scenes. However, we emphasize that the total water mapping can be estimated by summing these 
areas. According to our analysis, the water extent in the Sobradinho presents a decreasing trend from 2013 
to 2017, and the most critical condition was observed in the upper section. In general, the largest water 
extent was observed in June 2014 (2,405 km2), but it gradually reduced to 1,231 km2 in September 2017 
(from 72.8% to 37.3% of total reservoir area). Because the large extension of reservoir, the level of water 
extent has a considerable variability among the sections. Recently, water coverage reaches lower than ~8 
% (91.25 km2 of 1128 km2) on the upper section, while other sections present the water coverage by ~ 60%. 
This water recession in the middle and lower sections represents about 1,035.5 km² (144,957 soccer fields). 
The cloud cover usually imposes restrictions on surface observation, but this time-series analysis was less 
affected due to low cloud cover during drought years. 
The regional precipitation has a direct effect on the reservoir level: the water extent increases after 
the rainy season (DJF), and then, decreases gradually toward the end of dry season. Note that the peak 
inflow discharges are typically higher than 4,000 m3/s from December to February (Fig. 1), but the 
discharges lower than 2000 m3/s were observed in the same period during 2015 – 2017. Since the climate 
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seasons are well-defined in this region, the water recharge is highly dependent on precipitation regimes 
during the rainy season. For instance, when rainfall regimes are below the long-term average in the rainy 
season (e.g. DJF/2017), the river discharge is not sufficient to recover the water losses from previous dry 
season. Thus, we observed that rainfall deficit in the DJF/2015 intensifies the water change (↓ surface area), 
and the record-warming in 2015 drought affected the net balance in the reservoir (↑ temperature, ↑ 
evaporation rates). The summer rainfall in 2016 had increased the water extent in the upper section (up to 
40%), but it reduces again in late 2016 (water extent lower than 20%). In particular, these results suggest 
that surface water has drastically changed in the upper section (2015 – 2017), and the totally dried condition 
might happen if the water shortage continues in the coming years. 
Several artificial reservoirs were built in this semi-arid region since the 1950s (e.g. Sobradinho, 
Itaparica, Moxoto and Paulo Afonso), providing livelihood resilience for people living in this climate-
vulnerable region. Due to the multi-year droughts in the region, the water supply becomes more uncertain 
for local communities and smallholder farmers. For instance, the water shortage imposes long travels for 
people living in the upper section, and the direct access to water varies from a few meters to ~13 kilometers 
(Figure 10). According to the local newspapers, rural families are opting to build their waterhole or water 
storage tanks to collect the rainwater. However, this initiative faces the scarce groundwater and political 
threat for tank distribution. Likewise, the direct water access is also restricted to a few kilometers in the 
middle section, and it probably requires some logistical efforts. In several cases, smallholder farmers have 
been stopping the irrigation systems to ensure the water supply for humans and animals (Alvalá et al., 
2017). Besides the water changes, seasonal variability of turbidity levels emerges as another concern for 





Figure 9. Surface water change for each section of Sobradinho reservoir. The circles in the bottom panel 






Figure 10. Example of water extent mapping of the Sobradinho reservoir derived from Landsat-8 OLI in 
each austral winter between 2013 and 2017. The distances are references to illustrate the water recession. 
 
4.4. Turbidity variability 
 
Figure 11 shows the non-linear regression used to retrieve the turbidity levels. The dry season 
comprises most part of low turbidity values, while the higher values were observed in the March-May 
period. Figure 12 presents the monthly time series of average turbidity for each section in the reservoir. The 
cloud cover may limit the observation in a few months, and when it occurs, the turbidity value was linearly 
interpolated. The results show that turbidity levels vary seasonally in the monitoring period (Figure 12a). 
The abrupt variation of turbidity levels was observed at the rainy season (> 50 NTU), and then, it decreases 
gradually toward the end of the dry season (< 10 NTU). This variability is also observed among sections. 
The high turbidity values are clearly observed in the upper and middle sub-sections (“entrance” of the 
reservoir), while there is no or low changes over the lower section. 
In the rainy season, the surface runoff might explain the increased sediment yield entering in the 
reservoir, varying from 10 to >50 NTU. The sediment plume reaches the middle section, and relatively high 
levels were observed in the January and February (> 50 NTU). After the rainy season, the turbidity 
decreases to low levels around June and July (0 - 30 NTU). Figure 12b illustrates the turbidity dynamic 
during rainy and dry seasons. A visual comparison shows that sediment plume was widely distributed across 
a middle section in the February/2016, while the low streamflow affects the sediment concentration near 
the main channel in the same period in 2017 (see the true color image). The intense rainfall in January/2016 
(~300 mm) explains the water siltation and high turbidity levels. In contrast, turbidity levels were 
consistently lower during the dry season, with clear water condition (< 20 NTU) in August 2016. However, 
this water clarity was affected by low water dilution in August 2017. The connection of the inflow channel 
and western pool was partially disrupted, which limits the water exchange between fresh and turbid water 
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Figure 11. Non-linear empirical regression between turbidity and surface reflectance at the red band. The 
sampling points were collected during high, receding and low water levels. 
 
 
Figure 12. Time-series variability of turbidity levels in the panel (a). The spatial distribution of turbidity is 







This paper evaluated the surface water change and turbidity variability in the Sobradinho reservoir 
during drought years (Fig 9 and 12). While the traditional measurement of water depths allows a direct 
assessment of the reservoir status (e.g. safe margin level), satellite optical images offer a synoptic view of 
water extent and its distribution. Previous studies have demonstrated the potential of these data sources for 
long-term monitoring of lakes and reservoirs (Feng et al., 2016; Klein et al., 2017; Gao et al., 2012; 
Khandelwal et al., 2017). The techniques for water mapping range from machine learning algorithms 
(Mueller et al., 2016; Jia et al., 2018) to the thresholding methods on the spectral indices (Fisher et al., 
2016; Feng et al., 2016). The applicability of two-band spectral indices was also recognized in this study, 
and a simple thresholding method was used to separate the water from non-water pixels. One of the main 
advantage of this approach is that it enables a relatively easy and fast application by other researchers. 
Although much progress has been made in the remote sensing of inland water (Palmer et al., 2015), there 
are still several challenges for most applications, such as accurate atmospheric correction, adjacent effects 
in the narrow tributaries, undetected cloud and cloud shadow, and sun-glint effects (Ruddick et al., 2016). 
The precipitation analysis shows a negative trend from 2010 to 2017 over the catchment area (Fig. 7 
and Table 2); these results are consistent with previous studies about droughts in the NEB (Shimizu et al., 
2017; Rodrigues et al., 2011; Marengo et al., 2017a; Hounsou-Gbo et al., 2014). The seasonal rainfall 
deficits are presented in the comparison of 2010-2017 and 2000-2009 periods (Fig. 8). Marengo et al. 
(2017a) mentioned that the El Nino and warm North Atlantic Ocean episodes are the common drivers of 
climate variability in the NEB. However, Rodrigues and McPhaden (2014) found that recent drought during 
La Ninã 2012 was caused by unexpected SST gradient in the Tropical Atlantic and cooling SST over the 
central-west Pacific Ocean. Nonetheless, the northward cold fronts and South Atlantic Convergence Zone 
(SACZ) might also influence the rainy season in the upper SFRB (Nobre et al., 2016). Arguably, the semi-
arid Brazil is a vulnerable region to climate variability, which underlines the relevance of this research to 
understand the drought-related effects in the largest reservoir in the Northeast Brazil. 
The critical water change in the Sobradinho reservoir was observed between 2013 and 2017 (Fig. 9 and 
Fig. 10). The surface water recedes about ~ 2,073 km² in September 2017, a reduction of 62.77% in the 
total reservoir. The upper section of the reservoir was almost totally dried in the same period (only ~ 8 % 
of water extent), and the access to water becomes more restrict over several locations across the reservoir. 
The hydropower dams release the stored water to maintain the safe discharge and hydroelectric generation 
during the dry season. However, the rainfall deficit and low streamflow had affected this water recharge in 
the rainy season. The water shortage in Sobradinho is even more serious for the region because the 
downstream reservoirs, such as Paulo Afonso and Xingó, are strongly dependent of the seasonal discharge 
of this large dam. Therefore, the gradual reduction of outflow requires a systematic review of the subsequent 
impacts on the hydropower generation and water supply of these dams. 
As drought progress, the water extent change causes environmental impacts on the surrounding areas. 
The water recession might affect the native flora (e.g. rooted aquatic plants) and fauna (e.g. wild animals) 
which are adapted to typical conditions near to reservoir. In another way, the high temperatures and low 
rainfall can alter the climate condition in the region. Ekhtiari et al. (2017) showed that Sobradinho has a 
strong influence on the regional climate characteristics, such as near-surface temperature, humidity and 
wind patterns. These regional effects were also mentioned by Correia et al. (2006). While the lower flooded 
area and hydrologic alteration increase the concern with environmental issues, the socio-economic impacts 
are also expected due to water scarcity. For instance, the agricultural activities such as livestock grazing 
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(mainly cattle and goats) and irrigation along the margins of the reservoir are drastically affected by the 
water extent change. The rational use of water resources becomes a key point for local communities, and 
the minorities are vulnerable to long travel to direct access of water. In terms of water quality, we observed 
that the turbidity levels in the reservoir are seasonally dependent, changing from clear to turbid condition 
between climate seasons (Fig. 12a). While the water siltation caused by sediment erosion of a rainstorm 
(first flush) might limit the safe drinking water, the low reservoir levels reduce the water dilution and flow 
exchange between the main channel and other pools (Fig. 12b). 
Recently, the hydropower dam operates at safety discharges (outflow is ~ 550 m³/s) to assure multiple 
uses of water; the current drought might continue in the next years. According to IPCC (2014) and Marengo 
et al. (2011), the climate scenarios are predicting the extreme variability in the NEB, and the drought 
impacts are expected on temperature (rising +2 to 4 °C), precipitation (reduction of ~2 to 4 mm per day) 
and delay of the wet season. Alvalá et al. (2017) reported that 276 of 417 cities of Bahia state were affected 
by this dry weather between 2015 and 2016, including losses of subsistence agriculture and livestock 
farming. As a result, the mitigation strategy and prevention plan have been discussed to minimize the 
impacts on the people living in this climate-vulnerable region (Gutierrez et al. 2014). In the same way, 
several efforts of the scientific community have emerged to the early climate warning, such as monthly 
bulletins from the Center for Monitoring and Early Warning of Natural Disasters (CEMADEN) and drought 
monitor (monitordesecas.ana.gov.br) developed by National Water Agency (ANA). Therefore, this 
research contributes for drought debate on the Sobradinho, alerting the catchment managers and other 




In this study, the surface water change and turbidity dynamic were evaluated over the largest semi-
arid Brazilian reservoir, Sobradinho. Our findings show that recent drought years have affected the 
precipitation regimes over the catchment area, reducing the potential water recharge in the reservoir. Since 
the drought episodes were persistent in this period, a critical water change in the reservoir was observed 
from late 2014 to September 2017. The water coverage receded about ~2,073 km² (62.77% of the total 
reservoir), and the upper section of the reservoir had almost dried in September 2017 (only ~8 % of surface 
water). As a result, the local communities become far distant to access water (up to 13 km), which may be 
even more critical if droughts continue in the next years. 
The water supply is not the only concern for people depending on the reservoir. The turbidity level 
is seasonally dependent, ranging from clean water during the dry season (< 20 NTU) to turbid condition in 
the rainy season (> 60 NTU). The increased turbidity levels affect the aesthetic condition and the access to 
drinking water. Finally, these findings are the first assessment of drought-related effects in the most 
important reservoir of the semi-arid Brazilian. This research supports the idea that remote sensing data 
should help the decision makers to build the strategies during the water shortage. The free of charge 
Landsat-8 data allow the continuous water mapping and provide a short-term response in such extreme 
events. The access to water is a recurring concern for people living in the semi-arid, and scientific 
community needs to implement alternative techniques, such as remote sensing-based method, to enhance 
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This appendix briefly describes the procedure for the adjacent correction used in this study, but 
further theoretical basis can be found on Tanré et al. (1981), Vermote et al. (1997), and Sei (2015). In 
general, the adjacent effect is caused by multiple scattering of photons reflected from the neighbor pixels 
toward the sensor’s field of view. The magnitude of these effects relies on the atmospheric turbidity and 
contrast of surface properties, such as bright sand and dark ocean (Kiselev et al., 2015), or small lakes 
surrounded by dense vegetation (Martins et al., 2017a). Several studies emphasized the relevance of 
adjacent correction for inland and coastal waters (Sterckx et al., 2011; 2014). Indeed, adjacent effects are 
most expected in the water edges (large reservoir are less affected), where bright soil close near to water 
pixels might increase the surface reflectance. When adjacent effects are taking in the account, Equation A1 
decouples the photons coming from the target and scattered photons from adjacent areas into the sensor 
view, with no gaseous absorption: 
 
ρTOA = ρR+A+ �
ρsr t
↓(θs) e−τ μv⁄  + 〈ρ〉 t↓(θs) td(θv)
1 −  SR+A〈ρ〉
�  (A1) 
Where ρR+A is the molecular and aerosol scattering intrinsic reflectance; t
↓ represents the atmospheric 
transmittance of aerosol and molecular from sun to target (downward), respectively; SR+A is the atmosphere 
spherical albedo of the atmosphere, θv, θs are the view zenith, and solar zenith angles, respectively; τ is the 
atmospheric optical depth, td (θv) is the diffuse upward transmission. In this sense, Tanré et al. (1981), and 
later, Vermote et al. (1997a) computed the adjacent reflectance as the weighted-average of the surface 
reflectance around the target by using the point spread function of the atmosphere. Therefore, the adjacent 
reflectance 〈𝜌𝜌〉 can be written as follows: 
 





 𝑑𝑑𝑥𝑥𝑑𝑑𝑦𝑦  (A2) 
 
Where r(x,y) denotes the distance of a given nearby pixel at (x, y) to target and 𝐹𝐹(𝑟𝑟) is the environmental 
weighting function, usually referred as atmospheric point-spread function, which corresponds to the 
fraction of environmental contribution scattered toward the sensor. Following the function, the 
environmental function is the sum of molecular (𝐹𝐹𝑅𝑅) and aerosol (𝐹𝐹𝑇𝑇) contributions. 
 
F(r)= 
↑tdR(µv) FR(r)+ ↑ tdA(µv) FA(r)
↑ tdR(µv)+ tdA(µv) 




Where tdR and tdA are the diffuse fractions in the transmission functions (from target to sensor) respectively 
for Rayleigh and aerosols. Although there are several functions in literature, FR and FA corresponds to 
environmental functions as specified in 6S from Monte Carlo simulations (Vermote et al., 2006): 
 
FR(r) = 1 - 0.930 e(-0.08 r)  −  0.070 e(-1.01 r) 
FA(r) = 1 - 0.448 e(-0.27 r) −  0.552 e(-2.83 r)  (A4) 
 
Where r is given in km. In our application, the analytical integral can be rewritten as follows: 
 







  (A5) 
 
Where r(i,j) denotes the coordinates of an array of pixels centered on the target pixel. By calculating diffuse 
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